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ABSTRACT 
John Farver, Advisor 
Although there have been advances in finite strain analysis like the Rf/φ and Fry methods, 
there are still assumptions, such as strain homogeneity throughout the sample, that limit the 
amount of information that can be derived from these methods.  As many naturally deformed 
rocks have heterogeneous strain distributions, which can reveal important information about 
process and/or history, it is desirable to be able to efficiently analyze heterogeneous strain.  This 
study uses semivariograms in a GIS environment to recognize and characterize heterogeneous 
strain.  By using a series of synthetic datasets, selected to mimic various types of natural 
deformation, an understanding of the patterns is developed that is then applied to a naturally 
deformed sample of ooids, which displays obvious spatial variations in strain.  The results of the 
semivariogram analysis are then compared to a conventional strain analysis using Fry plots. 
Omnidirectional semivariograms for the synthetic models have ranges from 0.52 to 5.84 
mm) for long axis orientation and 0.99 to 6.56 mm for the strain ratio.   Directional
semivariograms show evidence of anisotropy for most models for both long axis orientation and 
strain ratio.  Conventional strain analysis like descriptive (or shape) statistics and the Fry method 
summarized long axis orientation and strain ratio, but they do not account for strain 
heterogeneity or spatial variance.  Omnidirectional and directional semivariograms demonstrated 
evidence for strain heterogeneity and anisotropy but do not account for magnitude or nature of 
heterogeneity nor do they summarize general long axis orientation and strain ratio.  Analysis of 
the natural ooid sample using omnidirectional semivariograms demonstrated strain heterogeneity 
as well as anisotropy with directional semivariograms.  Fry plots show N-NNW directional 
preference for some of the subsets but had uninterpretable plots with other subsets.  It can be 
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concluded that while semivariograms account for strain heterogeneity, they do not characterize 
nature or magnitude nor do they summarize long axis orientation and strain ratio.  
Semivariograms are not effective tools for finite strain analysis. 
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INTRODUCTION 
 Many rocks in the Earth’s crust were deformed by past tectonic events.  A common way 
of studying these events is to measure strain, which is the change in shape or volume caused by 
stress (Marret and Peacock 1999). Generally, this can be done by reviewing strained markers and 
comparing them to their pre-deformation shape and location using methods, such as Fry, Rf/φ, 
and shape statistics (Ramsay 1967; Lisle 1985; Rybakov 1997; Mulchrone 2013). 
Despite their common use in structural geology, these strain analysis methods are limited 
by their assumptions of isotropy (i.e., change is same at any direction), strain homogeneity (i.e., 
uniform change throughout sample), and anticlustering (i.e., dispersed distribution of markers).  
If a sample deviates from any of these assumptions, the quality of the analysis is compromised 
(Ramsay 1967; Fry 1979; Shan and Liang 2014).   Unfortunately, these assumptions rarely hold 
for most deformed rocks because strain is usually heterogeneous.  Because heterogeneous strain 
can result from both pre-deformation fabrics in the rock and spatial variations in the deformation 
process itself, recognizing and quantifying heterogeneous strain could provide valuable 
information about these properties and processes.  A good way to recognize and characterize 
strain heterogeneity is to examine the spatial component.   
Objectives  
1) The primary purpose of this study is to characterize spatial strain heterogeneity. 
2) A secondary objective is to discover how heterogeneous strain affects the results of 
commonly employed methods for the determination of finite strain, which assume 
homogeneous strain. 
I measured and compared spatial autocorrelation of different strain patterns in synthetic models 
and then apply those methods to a natural dataset. 
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BACKGROUND 
Nature of Strain Heterogeneity 
 The amount of strain associated with deformation varies both in time and space and is 
influenced by both extrinsic (i.e. strain rate, temperature, pressure) and intrinsic (i.e. mineralogy, 
water content) properties.  Events that can cause deformation include tectonic events, diagenesis, 
and metamorphism.  There are a number of studies pertaining to finite strain analysis; however, 
strain is assumed to be homogeneous to simplify computation (Ailleres & Champenois 1979; Fry 
1979; Onasch 1986; Erslev 1988; Dunne et al. 1990; Erslev & Ge 1990; McNaught 1994; 
Onasch & Shen-Tu 1998; Vearncombe & Vearncombe 1999; Guo 2001; Mandal et al 2001; 
Genier & Epard 2007; Burmeister et al. 2009; Osama et al 2010; Basnet 2012).   In addition, 
most strain analysis methods such as the Fry method, Rf/φ, and descriptive statistics are based on 
entire populations and do not account for spatial variations within the study area.  Because of 
this, valuable information regarding the deformation process or rock properties can be lost in the 
analysis.  Although some quantitative work has been done for heterogeneity in rocks, there is 
still a general lack of understanding about strain heterogeneity.   
The Fry Method 
 The Fry method measures strain from the relative locations of strain markers. It is based 
on an observation that change in location (distance and direction) of markers during deformation 
is related to the geometry of the deformation.   The result is a void that shows direction and 
magnitude of strain.  The Fry method has been used in a variety of studies (Ailleres & 
Champenois 1979; Fry 1979; Hanna & Fry 1979; Onasch 1986; Erslev 1988; Dunne et al. 1990; 
Erslev & Ge 1990; McNaught 1994; Onasch & Shen-Tu 1998; Vearncombe & Vearncombe 
1999; Guo 2001; Mandal et al 2001; Mulchrone & Meere 2001; Mulchrone & Choudhury 2004; 
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Burmeister et al. 2009; Osama et al. 2010; Shan & Liang 2014).  Despite the ease and versatility 
of use, measurement of the void from which the strain geometry is determined is subjective; 
therefore, the results are not always reproducible (Ailleres & Champenois 1994).  To address this 
subjectivity and extend different distribution types, geologists and statisticians have created 
enhancements.  Erslev (1988) developed a method in which he normalized the distance between 
adjacent objects by the sum of their radii which not only increases the resolution of the central 
void but also analyzes clustered grain aggregates better than the conventional method.  Later, 
Erslev and Ge (1990) enhanced the conventional and normalized Fry methods by having just 
enough points on the plot to create a clearer void with less noise.  Figure 3 shows differences 
between the conventional, normalized, enhanced conventional, and enhanced normalized Fry 
plots.  Although the Fry method and its enhancements have proven useful for more general finite 
strain analysis, the issue of recognizing heterogeneous strain patterns still remains.   
Geographic Information Systems (GIS) 
A geographic information system or GIS is a system that allows one to visualize, analyze, 
and interpret data spatially to understand relationships, patterns, and trends.  Because of its 
power and flexibility, it is becoming more prominent in the sciences.  It looks at spatial variation 
and distinct spatial patterns that can be important for certain solutions (e.g. strain deformation 
patterns).  Regional and even global issues are routinely addressed with a GIS.  On the other end 
of the scale, there are studies that use GIS for databases on a microscopic scale such as 
photomicrographs (Guo 2001, Li et al. 2008, Tarquini 2010, Nyland 2011, Basnet 2012, 
Gorsevski et al. 2012).   
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Spatial Autocorrelation. 
Tobler’s (1970) first law of geography states that everything is related to everything else, 
but near things are more related than distant things.  Spatial autocorrelation represents the degree 
to which one object differs from another as a function of distance.  For a variable, objects near a 
particular object tend to be more similar (higher spatial autocorrelation) than objects farther 
away (lower spatial autocorrelation). 
Semivariogram 
A semivariogram is a graphical depiction of how object properties are correlated with 
distance.  It is a graph of the semivariance versus distance as shown in Figure 4.  Semivariance is 
half the average squared difference in a property at points separated by a known distance.  
Typically, this difference is smaller for two points close together than two points farther apart; 
therefore, the semivariance increases with increasing separation between points.   
Geologists utilize semivariograms to aid a variety of interpretations.  Semivariograms 
were first used in the exploration for gold by predicting the amount and grade of gold in an area 
with no data (Matheron 1963).  Jensen et al. (1996) took permeability data from clastic 
sediments and created semivariograms.  These semivariograms, along with geologic knowledge, 
facilitated finding repetitive sedimentary structures, such as lamination, beds, and bedsets, at 
several scales.  Koike and Ichikawa (2006) used semivariograms to analyze the spatial 
distributions of fractures at different scales using Landsat and Satellite Pour l’Observation de la 
Terre (SPOT) satellite imagery, borehole-fracture data, and a thin-section of rock samples.   
There are two steps for using semivariograms as part of an analysis.  The first step is to 
create an empirical semivariogram.  Lags, which are the distances between any two points,  are 
defined and used to compute semivariance for each pair of points with the given lag increment.  
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For each increment, the average of the lags is computed then plotted as y-values against the 
distance increments, which are the x-values.  This average within each increment is called the 
binned value.  Points that are generated by binning empirical semivariogram points that fall 
within angular sectors are called average points.  Empirical semivariograms provide information 
on spatial autocorrelation of datasets, but they do not provide that information for specific 
directions and distances.   
The second step is to create a theoretical semivariogram.  A theoretical semivariogram is 
a continuous function or curve that is used for predicting values within an increment with no 
data. The user must choose a theoretical semivariogram that best fits the empirical 
semivariogram.  To ensure a theoretical semivariogram is effective, the root—mean-square 
(RMS) error should be low compared to the variable analyzed.  There are a number of theoretical 
semivariograms that can be used to fit the empirical semivariogram, including circular, spherical, 
pentaspherical, exponential, Gaussian, hole-effect, K-Bessel, J-Bessel, and stable (Environmental 
Systems Research Institute [ESRI] 2010).  The theoretical semivariogram consists of the nugget, 
sill, and range as seen in Figure 4.  The nugget is the sampling error. Theoretically, when lag 
distance is at zero, the semivariance is zero.  However even at an infinitesimally small separation 
distance, the value is greater than zero which is the nugget as shown in Figure 4.  The nugget is 
caused by measurement errors and/or spatial sources of variation at distances less than the 
sampling interval.  Because natural phenomena can vary over a range of scales which affects the 
nugget, it is important to have an understanding of the scales of spatial variation beforehand.  
The sill is the distance at which the semivariogram levels off as shown by the straight line in 
Figure 4.  A partial sill is the sill minus the nugget.  The range is the lag distance at which the 
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sill is reached.  It is the distance at which there is no correlation between the values between 
pairs of points as depicted in Figure 4 (ESRI 2010).  
Spatial autocorrelation can change within a property with both distances and directions 
between two locations.  This phenomenon is called anisotropy.  Directional semivariograms can 
be used to describe the anisotropy as shown in Figure 5.  If a semivariogram for a specific angle 
differs from that of another angle in the same study area, that property is anisotropic.  (ESRI 
2008). 
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DATASETS AND METHODS 
Synthetic Data 
 This study was done by using both synthetic and natural strain marker datasets. The 
synthetic comprised of elliptical markers arranged into six different patterns (Figure 6), which 
were chosen to represent patterns that could result from a variety of natural processes.  The 
patterns and possible natural causes are described in Table 1.  They include (1) uniform 
representing homogeneous deformation and material properties, (2) alternating bands 
representing alternating lithologies with different material properties  (3) progressive change 
representing strain gradient,  (4) localized shear representing a shear zone, (5) localized area 
representing an isolated zone with different material properties , and (6) random  representing a 
natural variation in deformation and/or material properties.  The uniform model has 49 objects.  
The alternating bands, progressive change, localized shear, localized area models, and random 
each has 126 objects.  All were created with illustration software and saved as TIFF files. 
Ooid Data 
 The ooid dataset as shown in Figure 7 contains deformed oolite from the Ordovician 
Beekmantown Group collected from the Valley and Ridge Province of the central Appalachians.  
The ooids and groundmass are composed of dolomite.  The sample was chosen because of the 
obvious variations in strain within the sample.  There is a large inclusion in the middle as well as 
areas of dissolution at the top of the bottom quarter of the sample, both of which have affected 
the geometry of the deformed ooids around them.  A red, green, blue (RGB) photomosaic, 
44,000 x 35,000 microns, was constructed from 136 digital images taken from single thin section 
using Microsoft’s Image Composite Editor (ICE) and saved as a TIFF file. 
 
8 
 
Digitizing the datasets 
 In order to analyze the synthetic datasets in a GIS, the ellipses must be converted from a 
raster to polygon vectors and saved as shapefiles.  In ArcGIS, the TIFF files with 255 values 
were consolidated as one value using the Reclassify tool.  Then, the Raster to Polygon tool 
converts the TIFF file into a .shp file.  Figure 8 shows the steps used to reclassify a raster for 
separating the grains (ellipses) from the groundmass (background).  The RGB image was 
separated into three bands (red, green, and blue) and clipped as a subset for more detail.  The 
focal statistics tool for median was used to reduce noise and increase contrast.  The three bands 
were compiled using composite bands.  Isocluster was used for the natural groupings of pixels.  
The Maximum Likelihood Classification categorized cells most likely to be similar together.  The 
raster must be reclassified to differentiate grains and groundmass.  Figure 9 shows a model for 
reclassification and conversion to polygon vectors.  Then, the Zonal Geometry as Table tool was 
used.  This tool analyzes the polygons giving spatial data such as centroid points (as X and Y 
coordinates), area, perimeter, thickness, major axis, minor axis, and orientation.  For this project, 
centroid points, major axis, minor axis, and orientation were used to analyze strain.  Orientation 
was transformed by taking the cosine of the orientation and adding 1.0 to remove negative 
values.  East is defined as 0. North is 1, and west is 2.  The ratio of the major and minor axes is 
the strain ratio. 
The ooids dataset was digitized using ArcGIS and eCognition.  ECognition was used to 
create different band ratios, which were used for segmentation to separate the ooids from the 
groundmass with precision.  A shapefile was then created.  ArcGIS was used to separate 
groundmass from ooid by reclassifying the raster image of the mosaic in Figure 7 to obtain a 
general boundary that can be used as a mask for the shapefile from the segmentation results.  
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Each ooid in that reclassified raster was then converted into a polygon.  The shapefile from the 
eCognition analysis was resized and clipped with ArcGIS.  The strain ratio was calculated from 
the major and minor axis lengths (major/minor).  The ooid dataset contained 6,416 ooids.  
Therefore, subsets were used to make the data more manageable and to test the spatial statistical 
method. 
Subsets of 5,000 x 5,000 pixels were created to accommodate the INSTRAIN 3.0 
program in order to have about 200 objects, which is sufficient for the Fry method depending on 
distribution (minimum for anticlustered distribution is 100 objects and increases as randomness 
increases).  As shown in Figure 11, 43 5,000 x 5,000 pixel subsets were created.  The number of 
ooids in each varies from eight to 400.  Subsets below 100 objects were excluded due to the 
small sample size.  While100 to 400 objects are sufficient, those above the INSTRAIN program 
limit of 600 were not used (Lacassin & Driessche 1983; Crespi 1986).   
Descriptive Statistics 
 In addition to the semivariograms and the Fry plots, descriptive statistics were also 
calculated as another way of assessing strain heterogeneity.  Descriptive statistics were 
calculated using GeoDA, an open source GIS program for data exploration (Anselin et al 2010), 
in order to determine the mean and standard deviation for both long axis orientation and strain 
ratio of the objects in each dataset or subset. 
Fry Method 
 The attribute data from the shapefile were exported as a .dbf file.  More fields were 
created to calculate the long axis orientation, the major and minor axis starting and ending 
points; and it was saved as an .xlsx file.  This approach has better accuracy when analyzing more 
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regular shapes (Guo 2001).  Endpoints were calculated along the following relationships and 
depends if the point is for the major or minor axis: 
Major axis starting point 
𝑥𝑚𝑎𝑗𝑠 = 𝑥𝑐 − (cos𝜑 ∗ 𝐿𝑚𝑎𝑗) 
(1) 
𝑦𝑚𝑎𝑗𝑠 = 𝑦𝑐 − (sin𝜑 ∗ 𝐿𝑚𝑎𝑗) 
(2) 
Major axis ending point 
𝑥𝑚𝑎𝑗𝑒 = 𝑥𝑐 + (cos𝜑 ∗ 𝐿𝑚𝑎𝑗) 
(3) 
𝑦𝑚𝑎𝑗𝑒 = 𝑦𝑐 + (sin𝜑 ∗ 𝐿𝑚𝑎𝑗) 
(4) 
 
Minor axis starting point 
 
𝑥𝑚𝑖𝑛𝑠 = 𝑥𝑐 + (sin𝜑 ∗ 𝐿𝑚𝑖𝑛) 
(5) 
𝑦𝑚𝑖𝑛𝑠 = 𝑦𝑐 − (cos𝜑 ∗ 𝐿𝑚𝑖𝑛) 
(6) 
Minor axis ending point 
𝑥𝑚𝑖𝑛𝑒 = 𝑥𝑐 − (sin𝜑 ∗ 𝐿𝑚𝑖𝑛) 
(7) 
𝑦𝑚𝑖𝑛𝑒 = 𝑦𝑐 + (cos𝜑 ∗ 𝐿𝑚𝑖𝑛) 
(8) 
xmajs = X-coordinate major axis starting point 
ymajs = Y-coordinate major axis starting point 
xmaje = X-coordinate major axis ending point 
ymaje = Y-coordinate major axis ending point 
xmins = X-coordinate minor axis starting point 
ymins = Y-coordinate minor axis starting point 
xmine = X-coordinate minor axis ending point 
ymine = Y-coordinate minor axis ending point 
xc = X-coordinate centroid point 
yc = Y-coordinate centroid point 
φ = Angle in radians 
Lmaj = Major axis length 
Lmin = Minor axis length 
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The data were then converted to a text file with two columns, one for the x-coordinates and one 
for the y-coordinates.  They are in sets of four which is the format for the INSTRAIN program:  
major axis start point, major axis end point, minor axis start point, and minor axis end point.  
Conventional, normalized, enhanced, and enhanced normalized Fry plots were constructed using 
INSTRAIN. 
Semivariograms 
 Semivariograms for the strain ratio and long axis orientation of the objects created in 
ArcGIS Geostatistical Analyst were used to investigate the spatial heterogeneity throughout the 
sample and to make a graphical solution to the semivariance as a function of distance between 
markers.  Empirical and theoretical semivariograms were created.  Outputs from semivariograms 
are sills, ranges, and nuggets, as defined above.  Each empirical semivariogram was created and 
fitted to the most appropriate theoretical semivariogram which is determined by the visual 
inspection on the basis of how well they fit the data.  The distance was in millimeters for the 
synthetic data and microns for the thin section.  Directional semivariograms of 0°, 45°, 90°, and 
135° were evaluated for anisotropy.   
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RESULTS AND DISCUSSION 
Descriptive Statistics  
Synthetic Dataset 
The mean, standard deviation, maximum, minimum, and median of the long axis 
orientation and strain ratio were calculated; and the results are shown in Table 2.  The means 
range from 0.92 to 1.70 for the long axis orientation and 1.91 to 3.31 for the strain ratio.  
Standard deviation ranges from zero to 0.71 for the long axis orientation and zero to 2.11 for the 
strain ratio.   
The results of the datasets from the synthetic models illustrate the problem with using 
descriptive statistics for the entire population.  Several of the models have similar means, yet 
they have very different patterns of deformed markers as shown in Figure 6.  For example in the 
long axis orientation, alternating bands and localized area models have similar means to 
localized shear and random models.  For the strain ratio, localized shear and random models 
have similar means.  Thus, descriptive statistics cannot differentiate these patterns from one 
another, and the spatial component is lost. 
Ooid Dataset 
The descriptive statistics for the entire sample are shown in Table 3. For the whole 
sample, the mean is 0.83 for the long axis orientation and 1.84 for the strain ratio.  The sample 
standard deviation is 0.41 for the long axis orientation and 0.52 for the strain ratio.  While 
generally similar to the whole sample, the subset means range from 0.60 to 0.96 for the long axis 
orientation and 0.39 to 3.53 for the strain ratio.  Individual subsets can be significantly different 
than the overall sample.  For example, subset 59 has means of 0.79 for the long axis orientation 
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and 2.059 for the strain ratio as well as standard deviations of 0.5226 for the long axis orientation 
and 0.7614 for the strain ratio.  These values differ greatly from the entire sample. 
Fry Plots 
Synthetic Datasets 
 Fry (regular, normalized, enhanced, and enhanced normalized) plots for the synthetic 
models are shown in Figure 12.  Only the random model has an interpretable Fry plot.  The 
others have irregular voids with points populating nine specific areas. Additional information 
regarding the least squares best-fit ellipse for quantifying the void and the error associated with it 
for normalized, enhanced, and enhanced normalized plot ellipses is also shown in Figure 12. 
There are no data for enhanced plot ellipses because most do not have a proper void. 
 The Fry plot from the random model shows a void with two long axis directions: one 
with a long axis oriented northeast and the other oriented west.  This is due to the frequent 
occurrence of both long axis orientations in the model.  This can be confusing for the geologist 
because the voids do not account for the location of these different long axis domains within the 
study area.   
Ooid Dataset 
 Unlike the synthetic models, enhanced Fry plots and the mean object ellipses for the 
naturally deformed ooids sample yield interpretable results.  Overall, the plots yield a long axis 
with an N-NNW direction.  While some of the subsets have clear central voids in which the 
general long axis direction is parallel to this direction, Subsets 14 and 42 are slightly northeast.  
Several of the subsets have either a circular void or a poorly defined void showing two distinct 
long axis orientations as shown in Table 4. 
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Semivariograms 
Synthetic Datasets 
Omnidirectional semivariograms were created for the both long axis orientation and 
strain ratio (Figures 13A-F).  Tables 5 and 6 summarize statistics from the long axis orientation 
and the strain ratio, respectively.  The uniform model’s distance is different from the rest of the 
models, and its measurements are listed separately.  Nuggets from measurement and/or 
microscalar error are zero for the long axis orientation and zero to 0.97 for the strain ratio.  The 
range is 0.52 to 5.84 mm (311.524 mm for uniform model) for the long axis orientation and 0.99 
to 6.56 mm (311.52 mm for uniform model) for the strain ratio.  The sill is 0.77 to 1.92 for the 
long axis orientation and 0.99 to1.48 for the strain ratio.  Different theoretical semivariograms 
were used for each model for both variables selected by visual inspection on the basin of how 
well they fit the data.  The uniform model had pentaspherical theoretical semivariograms for 
both variables.  Alternating bands had J-Bessel for long axis orientation and exponential for 
strain ratio.  Progressive change had Gaussian for long axis orientation and pentaspherical for 
strain ratio.  Localized shear had Gaussian for long axis orientation and circular for strain ratio.  
Localized area had stable for long axis orientation and circular for strain ratio.  Random had 
circular for long axis orientation and J-Bessel for strain ratio.  Directional semivariograms (0°, 
45°, 90°, and 135°) showed differences from one another; therefore, the strain is anisotropic.  
Figures 14A-J illustrate the results of the directional semivariograms, and the results are 
summarized in Tables 7 and 8.   
Omnidirectional ranges at which features are spatially autocorrelated become shorter in 
models with more complex patterns.  The random model has the minimum range distance for the 
long axis orientation while the localized area model has the minimum for the strain ratio.  This 
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makes sense because with more random and complex patterns, the neighboring features are less 
related to their neighbors (less similar).  Model patterns that have a more progressive, gradual 
change of either the long axis orientation or the strain ratio have larger ranges.  The progressive 
change model has almost double the range for both variables of the localized shear model.   The 
alternating bands model exhibits oscillating high and low semivariance and has a hole-effect 
theoretical semivariogram.  The random model has a relatively large nugget and a decreasing 
semivariance which can be attributed to a relatively high number of outliers or inadequate 
numbers of pairs of points to calculate the semivariance at near that distance.  (Jones in prep.)   
Directional semivariograms for all but the uniform model show anisotropy, but they also 
show patterns that can be used to differentiate each other.  For example, they characterize which 
direction shows an object’s alternating orientation for the alternating bands model.  All but the 
90°direction have oscillating semivariance.  The omnidirectional semivariance for the long axis 
orientation has oscillating semivariance but does not indicate at which direction.  The orientation 
and strain ratio for the progressive change model look very similar for each direction.  This is 
because both orientation and strain ratio change incrementally, thus yielding an exponential 
empirical semivariogram pattern as well as no change in the spatial autocorrelation for 0° and 
180°.   Compared to the omnidirectional semivariograms for both variables, the directional 
semivariograms at 45°, 90°, and 135° complement the gradual change of both major axis 
orientation and strain ratio as shown in Figures 14E and 14F, respectively.  The localized shear 
model yields omnidirectional semivariograms similar to the progressive change model; however, 
the directional semivariograms differ for both variables.  For orientation, the empirical 
semivariograms for 0° and 180° appear to have a hole-effect between distance 0.725 and 1.087 
millimeters.  There is also no exponential pattern for the long axis orientation like that of the 
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progressive change.  The strain ratio for the localized shear model has a similar omnidirectional 
semivariogram to the progressive change model; however, directional semivariograms give 
further detail differentiating localized shear and progressive change models.  Thus, although 
directional semivariograms can differ from one dataset to another, this or the omnidirectional 
semivariograms cannot determine the nature or magnitude of heterogeneity. 
Ooid Dataset 
For the entire ooid dataset, ArcMap selected 5,000 objects due to computational 
limitations.  Out of the 43 subsets, five were analyzed.  Subsets 5, 6, 13, 14, and 28, which can 
are shown in Figure 11, were selected because they are adjacent to one another and can be 
merged into a larger subset (Merged Subsets 5,6, 13, 14).  Subset 28 was selected because its Fry 
plots are different from most of the other subsets. Omnidirectional semivariograms for both the 
entire ooid dataset and its subsets were created for both the long axis orientation and strain ratio.  
Tables 9 and 10 summarize statistics from the long axis orientation and strain ratio respectively. 
Figures 15A-G show semivariograms for the long axis orientation (top figure) and strain ratio 
(bottom figure).   Nuggets determined from the measurement and/or microscalar error range 
from zero to 0.97 for the long axis orientation and 0.57to 0.93 for the strain ratio.  The range is 
297.95 to 6992.03 μm for the long axis orientation and 297.95 to 2518.01 μm for the strain ratio.  
The sill is 0.957 to 1.11 for the long axis orientation and 0.87 to0.99 for the strain ratio.  
Different theoretical semivariograms were used for the entire ooid dataset and its subsets for both 
variables.  The entire dataset had rational quadratic for the long axis orientation and hole effect 
for the strain ratio.  Subset 5 had circular for the long axis orientation and exponential for the 
strain ratio.  Subset 6 had exponential for the long axis orientation and stable for the strain ratio.  
Subset 13 had rational quadratic for the long axis orientation and stable for the strain ratio.  
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Subset 14 had exponential for the long axis orientation and circular for the strain ratio.  Subset 28 
had rational quadratic for the long axis orientation and hole effect for the strain ratio.  Merge (5, 
6, 13, 14) had exponential for the long axis orientation and hole effect for the strain ratio.  
Directional semivariograms (0°, 45°, 90°, and 135°) demonstrated differences from one another; 
therefore, the strain is anisotropic.  Figures 16A-N and Tables 11 and 12 depict the results of the 
directional semivariograms.  There is a typical issue with most subsets for both variables with 
theoretical semivariograms that do not fit the empirical semivariogram.  Some of these 
theoretical semivariograms are flat.   
The entire ooid dataset has the smallest nugget compared to the subsets individually due 
to the larger sample size.  There is a large semivariance for the strain ratio and long axis 
direction, which decreases and eventually levels off.  This demonstrates that there is a larger 
variance between close objects than between distant objects.  However, the individual subsets 
have high nugget values which would indicate a high unexplained variance.  Subsets 5, 6, 13, 
and 14 have high nugget values for both variables for both omnidirectional and directional 
semivariograms.  When these four subsets are merged, the omnidirectional and directional 
semivariograms’ error is high.  In all directions, both variables that have sills stabilize but have 
nuggets larger than the sills.  This is due to either the presence of outliers or inadequate numbers 
of pairs of points to calculate the semivariance near that distance (Jones, in prep.).   Aggregating 
subsets with similar behavior for either one variable or both could affect the semivariance.  
Subset 28’s omnidirectional and directional semivariograms do not differ much from each other.  
This shows that Subset 28 is nearly isotropic. For the analyzed subsets, there is only one 
synthetic model that is similar; and that is the random model.   
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The issue with the flat theoretical semivariograms and theoretical semivariograms that do 
not fit the empirical semivariograms for most subsets can be due to high nugget values or 
software limitation.  There is an issue with quantifying the theoretical semivariograms thus 
making it difficult to characterize the nature and magnitude of strain heterogeneity.  
Comparison of Semivariograms to Conventional Methods 
Although they are commonly used to describe spatially-dependent attributes like the 
strain (Rybakov 1997) and texture (Guo 2001), one-dimensional descriptive statistics can neglect 
spatial variation.  However, spatial data that have no spatial autocorrelation can benefit from 
one-dimensional descriptive statistics (Olea 2006).  The synthetic models have differences from 
one another because there are no samples with similar means and standard deviations.  These 
differences are easily seen in descriptive statistics, but they are not enough to describe the long 
axis orientation and strain ratio spatially.  Means and standard deviations do not quantify or even 
distinguish different spatial patterns.  Semivariograms quantify and graph spatial autocorrelation 
with an empirical semivariogram unique to each pattern.  The progressive change and localized 
shear models have similar exponentially increasing omnidirectional empirical semivariograms 
for both variables.  However, their directional empirical semivariograms help differentiate 
between the two.  Other models do not exhibit this behavior but have different empirical 
omnidirectional and directional semivariograms.  For the ooid dataset, some subsets have similar 
means and standard deviations for both variables.  The semivariograms differ little from each 
other.  Although omnidirectional and directional semivariograms can differentiate one model 
from another, they do not describe the nature or magnitude of strain heterogeneity.  Sometimes it 
can give a general idea of the nature of strain heterogeneity like gradual change seen in 
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progressive change and localized shear for both the long axis orientation and strain ratio, but it is 
not enough to describe the strain heterogeneity in sufficient detail. 
The Fry method has the same issue with descriptive statistics.  If the strain is 
homogeneous, then there should not be this kind of variation within the same dataset.  Although 
there is a preference for the long axis orientation to be oriented N-NNW for the ooid dataset and 
its subsets, there is still variation within subsets.  Some can be north, northwest, or northeast.  
Subset 28 shows strain heterogeneity through omnidirectional semivariograms.  There are 
specific distances at which the points are no longer correlated for both variables.  However in 
Figures 16K and 16L, the theoretical directional semivariogrrams show isotropy which would fit 
one of the criteria for making a Fry plot.  Its Fry plot shows two voids pointing NE and W but 
does not account for strain heterogeneity.  Fry plots without interpretable voids yield no 
information about the strain or its heterogeneity. 
 Omnidirectional and directional semivariograms, whether empirical or theoretical, can 
only demonstrate if a dataset is homogeneous, heterogeneous, isotropic, or anisotropic.  It does 
not determine the magnitude or nature of strain heterogeneity.  In addition, it does not summarize 
the long axis orientation or strain ratio.  Descriptive statistics and the Fry method describe the 
long axis orientation and strain ratio.  Semivariograms are not effective for finite strain analysis 
nor could they replace available conventional finite strain methods.  Because of this, both 
omnidirectional and directional semivariograms are not effective tools for characterizing strain 
heterogeneity. 
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CONCLUSIONS 
 
The primary purpose of this study is to characterize spatial strain heterogeneity, which was 
characterized using semivariograms. 
 Omnidirectional and directional semivariograms show strain heterogeneity in most 
samples. 
 Both types of semivariograms demonstrate general heterogeneity for both long axis 
orientation and strain ratio. 
 Omnidirectional and directional semivariograms do not show the magnitude or nature of 
heterogeneity. 
 Although they show strain heterogeneity, the results were too general to make a definitive 
distinction between different types of heterogeneity for either the synthetic model or the 
ooid dataset. 
The secondary objective is to determine how heterogeneous strain affects the results of 
commonly employed methods for the determination of finite strain, which assume homogeneous 
strain. 
  Means and standard deviations do not account for strain heterogeneity. 
 The Fry method has difficulties producing interpretable voids from heterogeneous 
samples. 
 Semivariograms are not effective for strain analysis or for depicting the nature and 
magnitude of strain heterogeneity. 
 Semivariograms are not effective tools for characterizing strain heterogeneity. 
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Strain heterogeneity is an important topic, thus there is a need for further research to identify 
more effective finite strain methods that can aid in deformation analyses and a better 
understanding in tectonic processes. 
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Figure 1. Types of spatial distribution. A) Random (Poisson distribution) B) clustered C) 
homogeneous and anisotropic D) homogeneous and isotropic (From Genier and Epard 2007). 
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Figure 2. These patterns show location and spatial relationships as important variables to 
interpreting strain patterns. A) showing preferred orientation and homogeneous strain ratio B) 
showing random location, strain ratio, and orientation. Both have the same strain ratio, long axis 
orientation, and average grain size.  
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Figure 3. Fry plots showing the visualization of best-fit ellipses on the same grain using the four 
variants of the Fry methods (From Erslev and Ge 1990). 
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Figure 4: Anatomy of a theoretical semivariogram showing semivariance, sill, partial sill, range, 
and the nugget (From ESRI 2010). 
 
 
Figure 5: Directional semivariogram criteria.  The azimuth is the direction.  Bandwidth is the 
extent of the analysis.  Angle tolerance (ang. tol.) is the angle of the bandwidth.  H + tolerance 
(height + tolerance) defines the distance extent. 
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Figure 6: The synthetic strain marker datasets used in the study.  a) uniform  b) alternating bands 
c) progressive change d) localized shear  e) localized area  f) random. 
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Figure 7: Photomicrograph of ooids used for this analysis.  Sample 4-5F is a dolomitic oolite 
from the Beekmantown Dolomite in northwest Virginia.  1 centimeter is equal to 2,725 microns. 
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Figure 8: Model from ModelBuilder showing the method modified from Li et al. (2008) that 
reclassifies a raster. 
 
 
Figure 9: Model from ModelBuilder to convert a raster to a polygon 
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Figure 10. Shapefile (in green) overlain on photomosaic of oolite thin section.  1 centimeter is 
equal to 2,725 microns. 
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Figure 11: Subsets of the oolite sample.  Numbers are not in order due to R scripting 
duplications.  1 centimeter is equal to 2,725 microns. 
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Figure 12A: Fry plots for the uniform model with Fry plots (conventional, top left; normalized, 
top right; enhanced conventional, bottom left; enhanced normalized, bottom right) 
 
 
Figure 12B: Fry plots for the alternating bands model with Fry plots (conventional, top left; 
normalized, top right; enhanced conventional, bottom left; enhanced normalized, bottom right) 
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Figure 12C: Fry plots for the progressive change model with Fry plots (conventional, top left; 
normalized, top right; enhanced conventional, bottom left; enhanced normalized, bottom right) 
 
 
Figure 12D: Fry plots for the localized shear model with Fry plots (conventional, top left; 
normalized, top right; enhanced conventional, bottom left; enhanced normalized, bottom right) 
37 
 
 
 
 
Figure 12E: Fry plots for the localized area model with Fry plots (conventional, top left; 
normalized, top right; enhanced conventional, bottom left; enhanced normalized, bottom right) 
 
 
Figure 12F: Fry plots for the random model with Fry plots (conventional, top left; normalized, 
top right; enhanced conventional, bottom left; enhanced normalized, bottom right) 
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Figure 13A: Best-fit theoretical and empirical semivariograms of the uniform model with 
omnidirectional for long axis orientation (top) and strain ratio (bottom) which test for 
heterogeneity.  Distance is in millimeters. Red dots are groups of binned points.  Blue pluses are 
average points based on angle.  The blue lines are the theoretical semivariograms which are 
pentaspherical for both top and bottom. 
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Figure 13B: Best-fit theoretical and empirical semivariograms of the alternating bands model 
with omnidirectional for long axis orientation (top) and strain ratio (bottom) which test for 
heterogeneity.  Distance is in millimeters. Red dots are groups of binned points.  Blue pluses are 
average points based on angle.  The blue lines are the theoretical semivariograms which are J-
bessel (top) and exponential (bottom). 
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Figure 13C: Best-fit theoretical and empirical semivariograms of the progressive change model 
with omnidirectional for long axis orientation (top) and strain ratio (bottom) which test for 
heterogeneity.  Distance is in millimeters. Red dots are groups of binned points.  Blue pluses are 
average points based on angle.  The blue lines are the theoretical semivariograms which are J-
bessel (top) and exponential (bottom). 
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Figure 13D: Best-fit theoretical and empirical semivariograms of the localized shear model with 
omnidirectional for long axis orientation (top) and strain ratio (bottom) which test for 
heterogeneity.  Distance is in millimeters. Red dots are groups of binned points.  Blue pluses are 
average points based on angle.  The blue lines are the theoretical semivariograms which are 
Gaussian (top) and circular (bottom). 
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Figure 13E: Best-fit theoretical and empirical semivariograms of the localized area model with 
omnidirectional for long axis orientation (top) and strain ratio (bottom) which test for 
heterogeneity.  Distance is in millimeters. Red dots are groups of binned points.  Blue pluses are 
average points based on angle.  The blue lines are the theoretical semivariograms which are 
stable (top) and circular (bottom). 
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Figure 13F: Best-fit theoretical and empirical semivariograms of the random model with 
omnidirectional for long axis orientation (top) and strain ratio (bottom) which test for 
heterogeneity.  Distance is in millimeters.  Red dots are groups of binned points.  Blue pluses are 
average points based on angle.  The blue lines are the theoretical semivariograms which are 
circular (top) and J-Bessel (bottom). 
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Figure 14A: Best-fit theoretical and empirical semivariograms of the uniform model in five 
directions for long axis orientation. Distance is in millimeters. 
 
 
 
45 
 
 
Figure 14B: Best-fit theoretical and empirical semivariograms of the uniform model in five 
directions for strain ratio Distance is in millimeters. 
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Figure 14C: Best-fit theoretical and empirical semivariograms of the alternating bands model in 
five directions for long axis orientation. Distance is in millimeters. 
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Figure 14D: Best-fit theoretical and empirical semivariograms of the alternating bands model in 
five directions for strain ratio Distance is in millimeters. 
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Figure 14E: Best-fit theoretical and empirical semivariograms of the progressive change model 
in five directions for long axis orientation. Distance is in millimeters. 
 
 
 
 
49 
 
 
Figure 14F: Best-fit theoretical and empirical semivariograms of the progressive change model 
in five directions for strain ratio. Distance is in millimeters. 
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Figure 14G: Best-fit theoretical and empirical semivariograms of the localized shear model in 
five directions for long axis orientation. Distance is in millimeters. 
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Figure 14H: Best-fit theoretical and empirical semivariograms of the localized shear model in 
five directions for strain ratio. Distance is in millimeters. 
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Figure 14I: Best-fit theoretical and empirical semivariograms of the localized area model in five 
directions for long axis orientation. Distance is in millimeters. 
 
 
 
53 
 
 
Figure 14J: Best-fit theoretical and empirical semivariograms of the localized area model in five 
directions for strain ratio Distance is in millimeters. 
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Figure 14K: Best-fit theoretical and empirical semivariograms of the random model in five 
directions for long axis orientation Distance is in millimeters. 
 
 
 
55 
 
 
Figure 14J: Best-fit theoretical and empirical semivariograms of the random model in five 
directions for strain ratio Distance is in millimeters. 
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Figure 15A: Best-fit theoretical and empirical semivariograms of the entire ooid dataset with 
omnidirectional for long axis orientation (top) and strain ratio (bottom) which test for 
heterogeneity.  Distance is in microns.  Red dots are groups of binned points.  Blue pluses are 
average points based on angle.  The blue lines are the theoretical semivariograms which are 
rational quadratic (top) and hole effect (bottom). 
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Figure 15B: Best-fit theoretical and empirical semivariograms of the subset 5 with 
omnidirectional for long axis orientation (top) and strain ratio (bottom) which test for 
heterogeneity.  Distance is in microns.  Red dots are groups of binned points.  Blue pluses are 
average points based on angle.  The blue lines are the theoretical semivariograms which are 
circular (top) and exponential (bottom). 
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Figure 15C: Best-fit theoretical and empirical semivariograms of the Subset 6 with 
omnidirectional for long axis orientation (top) and strain ratio (bottom) which test for 
heterogeneity.  Distance is in microns.  Red dots are groups of binned points.  Blue pluses are 
average points based on angle.  The blue lines are the theoretical semivariograms which are 
exponential (top) and stable (bottom). 
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Figure 15D: Best-fit theoretical and empirical semivariograms of the Subset 13 with 
omnidirectional for long axis orientation (top) and strain ratio (bottom) which test for 
heterogeneity.  Distance is in microns.  Red dots are groups of binned points.  Blue pluses are 
average points based on angle.  The blue lines are the theoretical semivariograms which are 
rational quadratic (top) and stable (bottom). 
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Figure 15E: Best-fit theoretical and empirical semivariograms of the Subset 14 with 
omnidirectional for long axis orientation (top) and strain ratio (bottom) which test for 
heterogeneity.  Distance is in microns.  Red dots are groups of binned points.  Blue pluses are 
average points based on angle.  The blue lines are the theoretical semivariograms which are 
exponential (top) and circular (bottom). 
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Figure 15F: Best-fit theoretical and empirical semivariograms of the Subset 28 with 
omnidirectional for long axis orientation (top) and strain ratio (bottom) which test for 
heterogeneity.  Distance is in microns.  Red dots are groups of binned points.  Blue pluses are 
average points based on angle.  The blue lines are the theoretical semivariograms which are 
rational quadratic (top) and hole effect (bottom). 
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Figure 15G: Best-fit theoretical and empirical semivariograms of the merged subsets (5, 6, 13, 
14) with omnidirectional for long axis orientation (top) and strain ratio (bottom) which test for 
heterogeneity.  Distance is in microns.  Red dots are groups of binned points.  Blue pluses are 
average points based on angle.  The blue lines are the theoretical semivariograms which are 
exponential (top) and hole effect (bottom). 
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Figure 16A: Best-fit theoretical and empirical semivariograms of the entire ooid dataset in five 
directions for long axis orientation. Distance is in millimeters. 
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Figure 16B: Best-fit theoretical and empirical semivariograms of the entire ooid dataset in five 
directions for strain ratio. Distance is in millimeters. 
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Figure 16C: Best-fit theoretical and empirical semivariograms of the subset 5 in five directions 
for long axis orientation. Distance is in microns. 
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Figure 16D: Best-fit theoretical and empirical semivariograms of the subset 5 in five directions 
for strain ratio. Distance is in microns. 
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Figure 16E: Best-fit theoretical and empirical semivariograms of the Subset 6 in five directions 
for long axis orientation. Distance is in microns. 
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Figure 16F: Best-fit theoretical and empirical semivariograms of the Subset 6 in five directions 
for strain ratio. Distance is in microns. 
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Figure 16G:  Best-fit theoretical and empirical semivariograms of the Subset 13 in five directions 
for long axis orientation. Distance is in microns. 
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Figure 16H: Best-fit theoretical and empirical semivariograms of the Subset 13 in five directions 
for strain ratio. Distance is in microns. 
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Figure 16I:  Best-fit theoretical and empirical semivariograms of the Subset 14 in five directions 
for long axis orientation. Distance is in microns. 
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Figure 16J: Best-fit theoretical and empirical semivariograms of the Subset 14 in five directions 
for strain ratio. Distance is in microns. 
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Figure 16K:  Best-fit theoretical and empirical semivariograms of the Subset 28 in five directions 
for long axis orientation. Distance is in microns. 
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Figure 16L:  Best-fit theoretical and empirical semivariograms of the Subset 28in five directions 
for strain ratio. Distance is in microns. 
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Figure 16M:  Best-fit theoretical and empirical semivariograms of the Merged Subsets (5, 6, 13, 
14) in five directions for long axis orientation. Distance is in microns. 
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Figure 16N:  Best-fit theoretical and empirical semivariograms of the Merged Subsets (5, 6, 13, 
14) in five directions for strain ratio. Distance is in microns. 
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Table 1:  List of synthetic models and their descriptions 
 
 
 
 
 
 
 
 
 
 
 
 
Model Marker Properties Possible natural cause(s) 
Uniform Uniform 
Homogeneous deformation and material 
properties 
Alternating Bands 
Alternating bands of markers 
with different axial ratios and 
long axis orientations 
Alternating lithologies with different material 
properties 
Progressive Change 
Progressively changing marker 
long axis and axial ratio 
Strain gradient 
Localized Shear 
Two sides progressively 
changing marker long axis and 
axial with middle having the 
most change 
Shear Zone 
Localized Area 
Localized region with different 
long axis orientation and axial 
ratio 
Isolated zone with different material properties 
Random 
Random distribution of both 
long axis orientation and axial 
ratio 
Natural variation in deformation and/or material 
properties 
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Table 2:  Descriptive statistics for the synthetic models (θ = long axis orientation, 
 Rf = strain ratio) 
Sample Mean (θ) S.D. (θ) Maximum (θ) 
Minimum 
(θ) Median (θ) 
Uniform 1.70 0 1.70 1.70 1.70 
Alternating Bands 0.92 0.71 1.72 0.29 0.30 
Localized Shear 1.39 0.36 1.88 0.98 1.57 
Progressive Change 1.52 0.28 1.88 0.99 1.58 
Localized Area 0.99 0.36 2.00 0 1.00 
Random 1.23 0.65 2.00 0 1.11 
 
Sample Mean (Rf) S.D. (Rf) 
Maximum 
(Rf) 
Minimum 
(Rf) Median (Rf) 
Uniform 2.02 0 2.02 2.02 2.02 
Alternating Bands 1.91 0.03 1.97 1.87 1.91 
Localized Shear 2.28 0.76 7.43 1.85 2.60 
Progressive Change 3.31 1.59 7.22 1.89 2.63 
Localized Area 3.13 1.70 4.56 1.86 1.93 
Random 2.38 2.11 8.87 1.00 2.38 
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Table 3:  Descriptive statistics for the ooid dataset and its subsets (θ = long axis orientation, 
 Rf = strain ratio) 
Sample Mean ( θ) S.D. (θ) Maximum (θ) Minimum (θ) Median (θ) 
Entire Ooid Dataset 0.83 0.41 2 0 0.78 
Subset 1 0.84 0.52 2.00 0 0.82 
2 0.84 0.51 2 0 0.81 
3 0.89 0.48 2 0 0.82 
4 0.79 0.45 2 0 0.75 
5 0.80 0.47 2 0 0.75 
6 0.79 0.46 2 0 0.73 
7 0.85 0.44 2 0 0.79 
8 0.96 0.38 1.36 0 1.03 
11 0.95 0.42 2 .20 0.84 
12 0.82 0.43 2 0 0.78 
13 0.80 0.37 1.99 0 0.81 
14 0.87 0.46 2 0 0.79 
15 0.81 0.42 2 0 0.83 
16 0.81 0.43 2 0 0.80 
17 0.81 0.44 2 0 0.76 
18 0.60 0.40 1.31 0 0.59 
19 0.84 0.50 2 0 0.87 
20 0.86 0.36 2 0 0.84 
21 0.90 0.41 2 0 0.88 
22 0.78 0.38 1.99 0 0.78 
23 0.82 0.39 2 0 0.81 
24 0.82 0.40 2 0 0.81 
25 0.82 0.40 2 0 0.81 
26 0.80 0.43 2 0 0.79 
27 0.86 0.56 1.98 0 0.78 
28 0.95 0.61 2 0 0.86 
29 0.84 0.40 2 0 0.82 
30 0.84 0.44 2 0 0.79 
31 0.81 0.40 2 0 0.76 
32 0.85 0.44 2 0 0.80 
33 0.81 0.37 2 0 0.78 
39 0.79 0.46 2 0 0.75 
40 0.79 0.43 2 0 0.76 
41 0.76 0.48 2 0 0.72 
42 0.92 0.54 2 0 0.92 
43 0.87 0.53 2 0 0.83 
44 0.85 0.50 2 0 0.74 
45 0.93 0.46 2 0 0.82 
46 0.83 0.43 2 0 0.79 
47 0.83 0.46 2 0 0.78 
48 0.89 0.55 2 0 0.83 
49 0.85 0.57 2 0 0.79 
59 0.79 0.52 2 0 0.71 
60 0.86 0.42 2 0 0.84 
61 0.81 0.36 2 0 0.82 
62 0.80 0.36 1.96 0 0.78 
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Sample Mean (Rf) S.D. (Rf) Maximum (Rf) Minimum (Rf) Median (Rf) 
Entire Ooid Dataset 1.83 0.52 6.53 1.01 1.73 
Subset 1 1.71 0.57 4.50 1.06 1.55 
2 1.72 0.73 6.15 0 1.62 
3 1.88 0.82 7.22 0 1.69 
4 1.82 0.66 7.3 0 1.7 
5 1.90 1.07 14.4 1 1.70 
6 1.88 0.66 5.74 1.04 1.72 
7 1.90 0.81 6.7 0 1.79 
8 2.82 1.36 5.32 1.20 2.61 
11 2.99 2.04 8.94 1.60 2.3 
12 2.03 1.82 25.28 1.07 1.72 
13 1.92 0.81 6.93 1 1.72 
14 2.18 2.87 28.35 1.04 1.74 
15 2.29 2.41 25.69 1.13 1.82 
16 2.19 2.79 40.62 1.08 1.81 
17 2.20 3.52 44.83 1 1.71 
18 1.60 0.39 2.24 1.11 1.50 
19 2.36 1.15 6.32 1.12 1.97 
20 1.92 0.64 6.25 1 1.76 
21 2.15 1.72 14.97 1.06 1.72 
22 1.99 1.31 14.97 1.03 1.74 
23 1.99 1.14 13.51 1 1.75 
24 2.26 2.34 22 1 1.79 
25 2.26 2.34 22 1 1.79 
26 2.33 1.85 10.58 1.14 1.73 
27 1.94 0.80 4.58 1.15 1.62 
28 1.82 0.62 6.31 1.04 1.66 
29 2.12 1.03 10.07 1 1.86 
30 2.20 2.83 40.6 1 1.78 
31 2.02 0.73 6.32 1 1.85 
32 1.89 0.77 6.42 1 1.71 
33 2.15 1.01 6.32 1.04 1.86 
39 1.92 0.83 7.17 1 1.70 
40 2.12 0.89 8.61 1 1.89 
41 1.88 0.86 8.94 1 1.74 
42 1.97 1.30 16.15 1 1.71 
43 1.94 0.89 8.3 1.01 1.68 
44 1.94 0.58 4.33 1 1.82 
45 1.97 0.83 7.15 1 1.75 
46 2.18 2.02 25.3 1.08 1.82 
47 2.11 1.63 16.16 1 1.84 
48 2.05 1.40 18.27 1.03 1.68 
49 2.03 0.76 4.99 1 1.84 
59 2.05 0.75 4.94 1.01 1.90 
60 2.19 2.37 21.35 1 1.73 
61 1.99 0.94 8.94 1 1.78 
62 2.13 1.06 9.73 1 1.87 
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Table 4: Descriptions of unclear Fry plots 
Subset Type of Void (Fry) Comments 
3 Circular No clear direction of void 
4 Circular No clear direction of void 
6 Double void Larger void pointing NW and other NE 
7 Double void Larger void pointing NW and other NE 
11 None Inconclusive 
18 None Inconclusive 
19 No clear void Inconclusive 
22 Double void Fry: One NW and other NEE, Normalized: N 
27 No clear void Fry: Inconclusive ,Enhanced: N ,Normalized Enhanced: NW 
28 Double void One void NE and other W 
33 No clear void Inconclusive 
39 Circular No clear direction of void 
44 Single unclear void Normalized Fry: NW, Enhanced Fry: N, Enhanced Normalized: Circular 
45 Double void Larger void pointing N and other NW 
48 Double void Larger void circular and other NE 
49 No clear void Normalized Fry: Circular, Enhanced: Inconclusive, Normalized Enhanced: Circular 
59 No clear void Inconclusive 
 
 
 
 
 
 
 
 
 
 
 
 
 
82 
 
Table 5:  Omnidirectional semivariogram statistics of long axis orientation for the synthetic 
models. 
Sample 
Partial Sill Range Nugget Sill Model RMS 
Alternating 0.772095184 0.978036 0 0.77209518 J-Bessel 0.731212 
Localized 
Deformation 1.535790974 0.960661 0.001536 1.53732677 Stable 0.239367 
Localized Linear 0.781054281 2.778949 0.000781 0.78183534 Gaussian 0.018112 
Progressive 1.925730341 5.841576 0.001926 1.92765607 Gaussian 0.011394 
Random 0.887692945 0.526663 0 0.88769295 Circular 0.584931 
Uniform 1.157548 311.524 0 1.157548 Pentaspherical 0.000228 
 
Table 6:  Omnidirectional semivariogram statistics of strain ratio for the synthetic models. 
Sample 
Partial Sill Range Nugget Sill Model RMS 
Localized 
Deformation 1.480129483 0.996945 0 1.480129483 Circular 0.22147251 
Random 0.071471834 2.209396 0.92285 0.99432222 J-Bessel 2.14394892 
Localized Linear 1.29339648 2.765372 0 1.29339648 Circular 0.44087291 
Progressive 1.098191726 5.087113 0 1.098191726 Pentaspherical 0.19514766 
Alternating 0.052645458 6.564372 0.979946 1.03259185 Exponential 0.02584424 
Uniform 1.157548493 311.524 0 1.157548493 Pentaspherical 0.0000990 
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Table 7:  Directional semivariogram statistics of long axis orientation for the synthetic models. 
Sample Sill (0°) Range (0°) Nugget (0°) Model (0°) 
Alternating Bands 0.77 0.98 0 J-Bessel 
Localized Area 1.24 1.27 0 Hole effect 
Localized Shear 1.31 1.27 0 J-Bessel 
Progressive Change 1.21 5.84 0 Rational Quadratic 
Random 0.75 0.71 0 Hole effect 
Uniform 1.14 311.52 0 Rational Quadratic 
     
Sample Sill (45°) Range (45°) Nugget (45°) Model (45°) 
Alternating Bands 0.77 0.98 0 J-Bessel 
Localized Area 1.52 1.27 0 Exponential 
Localized Shear 1.48 1 0 Circular 
Progressive Change 1.93 5.84 0 Stable 
Random 0.75 0.71 0 Hole effect 
Uniform 1.67 311.52 0.06 Stable 
     
Sample Sill (90°) Range (90°) Nugget (90°) Model (90°) 
Alternating Bands 0.86 0.7 0 Circular 
Localized Area 1.53 0.96 0 Stable 
Localized Shear 1.54 0.96 0 Stable 
Progressive Change 1.93 5.84 0 Stable 
Random 0.75 0.71 0 Hole effect 
Uniform 1.67 311.52 0.06 Gaussian 
     
Sample Sill (135°) Range (135°) Nugget (135°) Model (135°) 
Alternating Bands 0.77 0.98 0 J-Bessel 
Localized Area 1.53 0.96 0 Gaussian 
Localized Shear 1.54 0.96 0 Stable 
Progressive Change 1.93 5.84 0 Stable 
Random 0.75 0.71 0 Hole effect 
Uniform 1.67 311.52 0.06 Gaussian 
     
Sample Sill (180°) Range (180°) Nugget (180°) Model (180°) 
Alternating 0.77 0.98 0 J-Bessel 
Localized Area 1.24 1.27 0 Hole effect 
Localized Shear 1.24 1.27 0 Hole effect 
Progressive 1.21 5.84 0 Rational Quadratic 
Random 0.75 0.71 0 Hole effect 
Uniform 1.14 311.54 0 Rational Quadratic 
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Table 8:  Directional semivariogram statistics of strain ratio for the synthetic models. 
Sample Sill (0°) Range (0°) Nugget (0°) Model (0°) 
Alternating Bands 1.01 0.75 0 J-Bessel 
Localized Area 1.14 3.08 0.33 J-Bessel 
Localized Shear 1.3 2.56 0.36 Stable 
Progressive Change 1.11 5.09 0 Rational Quadratic 
Random 1 7.44 1 Stable 
Uniform 1.14 311.52 0 Rational Quadratic 
     
Sample Sill (45°) Range (45°) Nugget (45°) Model (45°) 
Alternating Bands 1.01 0.75 0 J-Bessel 
Localized Area 1.28 2.53 0.22 Circular 
Localized Shear 1.3 2.86 0.2 Spherical 
Progressive Change 1.61 5.09 0 Stable 
Random 1 7.44 1 Stable 
Uniform 1.67 311.52 0.06 Stable 
     
Sample Sill (90°) Range (90°) Nugget (90°) Model (90°) 
Alternating Bands 1.01 0.75 0 J-Bessel 
Localized Area 1.31 3.08 0 Exponential 
Localized Shear 1.25 3.08 0.1 Rational Quadratic 
Progressive Change 1.61 5.09 0 Stable 
Random 1 7.44 1 Stable 
Uniform 1.61 311.52 0.04 K-Bessel 
     
Sample 
Sill 
(135°) Range (135°) Nugget (135°) Model (135°) 
Alternating Bands 1.01 0.75 0 J-Bessel 
Localized Area 1.28 2.5 0.38 Gaussian 
Localized Shear 1.3 2.56 0.36 Stable 
Progressive Change 1.61 5.09 0 Stable 
Random 1 2.18 0.91 J-Bessel 
Uniform 1.67 311.52 0.06 Stable 
     
Sample 
Sill 
(180°) Range (180°) Nugget (180°) Model (180°) 
Alternating Bands 1.01 0.75 0 J-Bessel 
Localized Area 1.28 2.53 0.22 Circular 
Localized Shear 1.3 2.56 0.36 Stable 
Progressive Change 1.11 5.09 0 Rational Quadratic 
Random 1 7.44 1 Stable 
Uniform 1.67 311.52 0.06 Stable 
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Table 9:  Omnidirectional semivariogram statistics of long axis orientation for selected ooid 
subsets. 
Sample Partial Sill Range Nugget Sill Model 
Whole Dataset 0.7 297.95 0.29 0.99 Rational Quadratic 
Subset 5 0.014 1352.63 1.01 1.024 Circular 
Subset 6 0.18 3172.13 0.77 0.95 Exponential 
Subset 13 0.82 436.23 0.16 0.98 Rational Quadratic 
Subset 14 0.2 6992.03 0.86 1.06 Exponential 
Subset 28 0.37 396.57 0.74 1.11 Rational Quadratic 
Merge (5, 6, 13, 14) 0.046 2396.62 0.95 0.996 Exponential 
 
Table 10:  Omnidiectional semivariogram statistics of strain ratio for selected ooid subsets. 
Sample Partial Sill Range Nugget Sill Model 
Whole Dataset 0.34 297.95 0.61 0.95 Hole Effect 
Subset 5 0.12 2518.01 0.83 0.95 Exponential 
Subset 6 0 789.29 0.87 0.87 Stable 
Subset 13 0 656.01 0.91 0.91 Stable 
Subset 14 0.098 1213.28 0.84 0.938 Circular 
Subset 28 0.37 433.83 0.62 0.99 Hole Effect 
Merge (5, 6, 13, 
14) 0.42 285.26 0.54 0.96 Hole Effect 
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Table 11:  Directional semivariogram statistics of long axis orientation for selected ooid subsets. 
Sample Sill (0°) Range (0°) Nugget (0°) Model (0°) 
Whole Dataset 0.97 297.95 0.66 Stable 
Subset 5 1.02 1769.98 0.98 J-Bessel 
Subset 6 0.97 3172.13 0.83 Stable 
Subset 13 0.97 436.23 0.16 Rational Quadratic 
Subset 14 1.06 6992.03 0.2 Exponential 
Subset 28 1.09 474.12 0.74 J-Bessel 
Merged (5, 6, 13, 14) 1 2396.62 0.95 Exponential 
     Sample Sill (45°) Range (45°) Nugget (45°) Model (45°) 
Whole Dataset 0.97 297.95 0.29 Rational Quadratic 
Subset 5 1.02 1383.28 1.01 Stable 
Subset 6 0.93 3172.13 0.83 J-Bessel 
Subset 13 0.97 436.23 0.16 Rational Quadratic 
Subset 14 1.11 6992.03 0.23 Circular 
Subset 28 1.1 396.57 0.98 Stable 
Merged (5, 6, 13, 14) 1 2396.62 0.95 Exponential 
     Sample Sill (90°) Range (90°) Nugget (90°) Model (90°) 
Whole Dataset 0.99 297.95 0.29 Rational Quadratic 
Subset 5 1.02 1383.28 1.01 Stable 
Subset 6 0.93 3172.13 0.83 J-Bessel 
Subset 13 0.97 436.23 0.16 Rational Quadratic 
Subset 14 1.04 6992.03 0.89 Rational Quadratic 
Subset 28 1.09 474.12 0.74 J-Bessel 
Merged (5, 6, 13, 14) 1 2396.62 0.95 Exponential 
     Sample Sill (135°) Range (135°) Nugget (135°) Model (135°) 
Whole Dataset 0.99 297.95 0.29 Rational Quadratic 
Subset 5 1.02 1383.28 1.01 Stable 
Subset 6 0.95 3172.13 0.8 Circular 
Subset 13 0.97 436.23 0.16 Rational Quadratic 
Subset 14 1.06 6992.03 0.2 Exponential 
Subset 28 1.09 474.12 0.74 J-Bessel 
Merged (5, 6, 13, 14) 1 2396.62 0.95 Exponential 
     Sample Sill (180°) Range (180°) Nugget (180°) Model (180°) 
Whole Dataset 0.99 297.95 0.29 Rational Quadratic 
87 
 
Subset 5 1.02 1769.98 0.98 J-Bessel 
Subset 6 0.95 3172.13 0.8 Circular 
Subset 13 0.97 436.23 0.16 Rational Quadratic 
Subset 14 1.06 6992.03 0.2 Exponential 
Subset 28 1.09 474.12 0.74 J-Bessel 
Merged (5, 6, 13, 14) 1 2396.62 0.95 Exponential 
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Table 12:  Directional semivariogram statistics of strain ratio for selected ooid subsets. 
Sample Sill (0°) Range (0°) Nugget (0°) Model (0°) 
Whole Dataset 0.97 297.95 0.66 Stable 
Subset 5 0.95 2518.01 0.86 J-Bessel 
Subset 6 0.87 789.29 0.87 Stable 
Subset 13 0.91 656.01 0.91 Stable 
Subset 14 0.94 1213.28 0.84 Circular 
Subset 28 0.98 433.83 0.62 Hole effect 
Merge (5, 6, 13, 14) 0.96 819.9 0.96 Stable 
     
Sample Sill (45°) 
Range 
(45°) 
Nugget 
(45°) Model (45°) 
Whole Dataset 0.97 297.95 0.29 Rational Quadratic 
Subset 5 0.95 2518.01 0.86 J-Bessel 
Subset 6 0.87 789.29 0.87 Stable 
Subset 13 0.91 656.01 0.91 Stable 
Subset 14 0.94 1213.28 0.84 Circular 
Subset 28 0.98 433.83 0.62 Hole effect 
Merge (5, 6, 13, 14) 0.96 819.9 0.96 Stable 
     
Sample Sill (90°) 
Range 
(90°) 
Nugget 
(90°) Model (90°) 
Whole Dataset 0.99 297.95 0.29 Rational Quadratic 
Subset 5 0.95 2518.01 0.86 Stable 
Subset 6 0.87 789.29 0.87 Stable 
Subset 13 0.91 656.01 0.91 Stable 
Subset 14 0.94 1213.28 0.84 Circular 
Subset 28 0.98 418.44 0.26 J-Bessel 
Merge (5, 6, 13, 14) 0.96 819.9 0.96 Stable 
     
Sample Sill (135°) 
Range 
(135°) 
Nugget 
(135°) Model (135°) 
Whole Dataset 0.99 297.95 0.29 Rational Quadratic 
Subset 5 0.95 2518.01 0.86 Stable 
Subset 6 0.87 789.29 0.87 Stable 
Subset 13 0.91 656.01 0.91 Stable 
Subset 14 0.94 1213.28 0.84 Circular 
Subset 28 0.98 418.44 0.26 J-Bessel 
Merge (5, 6, 13, 14) 0.96 819.9 0.96 Stable 
     
Sample Sill (180°) 
Range 
(180°) 
Nugget 
(180°) Model (180°) 
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Whole Dataset 0.99 297.95 0.29 Rational Quadratic 
Subset 5 0.95 2259.55 0.86 Circular 
Subset 6 0.87 789.29 0.87 Stable 
Subset 13 0.91 656.01 0.91 Stable 
Subset 14 0.94 1213.28 0.84 Circular 
Subset 28 0.98 418.44 0.26 J-Bessel 
Merge (5, 6, 13, 14) 0.96 819.9 0.96 Stable 
 
